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Abstract This study contrasted the effects of tutoring, multiple try and no feedback on
children’s progression in analogy solving and examined individual differences herein.
Feedback that includes additional hints or explanations leads to the greatest learning
gains in adults. However, children process feedback differently from adults and
effective feedback likely differs between learners with different characteristics or at
different stages in the learning process. In this paper multilevel explanatory item
response theory models were used to examine individual differences in feedback effects
in children’s performance on a computerized pretest-training-posttest assessment of
analogical reasoning. The role of working memory and ability level, based on initial
strategy-use, were examined in a sample of 999 5–10 year-old children who received
either tutoring feedback, multiple tries or no feedback during the training sessions. The
results indicate that tutoring feedback leads to the greatest performance gains; however,
this was moderated by working memory and ability level. Children who initially used
less advanced strategies benefited more from each type of feedback than children who
used advanced strategies at pretest. Higher working memory scores were linked to
greater benefit from tutoring feedback or no feedback, whereas learning gains in the
multiple try condition were not related to working memory. The findings of this study
contribute to the growing literature on how to personalize feedback to the learner’s
instructional-needs.
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Introduction
Nearly a century of feedback research has demonstrated large variation in feedback
effects on learning (Kluger and DeNisi 1996); this implies that individual learners may
react differently to different types of feedback in different contexts. Recent research
shows that digital feedback effects depend on learner characteristics (e.g., Narciss
2004); this is even the case during adaptive hint procedures in intelligent tutoring
systems (Goldin and Carlson 2013; Narciss et al. 2014a, 2014b). It is plausible that
feedback, i.e. Bactions taken by external agents to provide information regarding
aspects of one’s task performance^ (Kluger and DeNisi 1996, p. 255), tailored to
learner characteristics may lead to greater learning gains than feedback that is not
personalized (e.g., Narciss et al. 2014a, 2014b). However, in order to provide person-
alized feedback large-scale studies need to be conducted in target populations to
provide evidence-based guidelines concerning which type of feedback is optimal for
different types of learners.
In digital learning environments different types of feedback can be used. Shute
(2008) distinguished a range of feedback-types from simple forms such as response
verification to elaborate feedback where errors may be flagged, explanations provided
and/or strategic prompts are given on how to proceed with the problem. Elaborate
feedback, an umbrella term for any form of simple feedback that provides additional
hints or explanations, is generally considered more effective than outcome feedback
because it provides specific information beyond correctness and a clear direction of
how to proceed and likely increases motivation (Narciss, 2008; 2012; Shute 2008). A
meta-analysis of the learning effects of item-based feedback in computer-based envi-
ronments reported higher effect sizes for elaborate feedback than simple feedback,
especially in higher-level learning outcomes where transfer of previous learning to new
situations or tasks is required (Van der Kleij et al. 2015). However, the effectiveness of
simple versus elaborate feedback may also depend on learner characteristics. Learner
level and ability especially appear to play an important role in the effect of different
forms of feedback on learning (Hattie and Timperley 2007); lower ability learners may
not have the (meta-) cognitive skills to rethink their solutions after receiving outcome
feedback whereas higher ability learners can draw on previous knowledge to come up
with an alternative (Mason and Bruning 2001; Narciss and Huth 2004). Working
memory efficiency also influences one’s ability to process feedback as benefitting from
feedback is dependent upon successful goal-directed search and retrieval of relevant
information from memory (Bangert-Drowns et al. 1991). Working memory may be
especially influential in children’s feedback processing as working memory capacity is
still developing (Alloway et al. 2004). Only a handful of studies have investigated
digital feedback effects specifically in primary school children (e.g., Narciss and Huth
2006; Kramarski and Zeichner 2001); as such children form an underrepresented group
in the computerized feedback literature (Van der Kleij et al. 2015). Furthermore,
children appear to process feedback differently from adults (Eppinger et al. 2009),
perhaps in part due to developmental changes in brain regions that govern working
memory efficiency (Van Duijvenvoorde et al. 2008). Therefore, it is questionable
whether findings in the feedback literature generalize to this age group. Given increased
usage of computer-based adaptive materials in primary education (National Academy
of Education 2013) it is important to investigate which factors play a role in children’s
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ability to learn from feedback in digital learning environments. Here we examine the
role of individual differences in working memory and prior ability on the effect of
feedback on children’s analogy solving progression in a digital learning environment.
Analogical reasoning is the cognitive process of recognizing relationships and then
transferring information from a known source to a new but similar context that
develops with great variability in childhood (Gentner 1983; Siegler and Svetina
2002). For example, a classical visual analogy is B○ is to ● as □ is to ?^. Analogical
reasoning forms the core of human cognition and intelligence (Sternberg and Gardner
1983). Furthermore, analogies are pervasive in education as teaching tools (e.g.,
Dagher 1995; Richland et al. 2004) and deemed essential to school learning
(Goswami 1991).
Given the essential role analogical reasoning plays in learning (e.g., Goswami 1991),
it is important to investigate which type of feedback best promotes analogy solving for
individual children in specific learning contexts. Previous research reveals that outcome
feedback is more effective than practice alone (e.g., Cheshire et al. 2005). Also,
elaborate feedback comprising increasingly specific strategic hints – referred to as
tutoring feedback (c.f. Narciss 2013), appears to lead to greater performance gains
than simple feedback (Stevenson et al. 2013b). On the whole, providing young children
with feedback improves analogical reasoning, where duplication errors, in which one of
the analogy terms is copied, decrease and partial and correct analogical solutions
increase (e.g., Cheshire et al. 2005; Siegler and Svetina 2002).
A child’s ability to process and learn from feedback as well as solve analogies likely
depends on his/her working memory efficiency (Stevenson et al. 2013a). Numerous
studies have demonstrated a relationship between working memory and analogical
reasoning ability in children (e.g., Alloway et al. 2004; Stevenson et al. 2013a; Thibaut
et al. 2010). Working memory also appears to moderate the development of analogical
reasoning (Richland and Burchinal 2013; Thibaut and French 2016). However, the role
of working memory on children’s change in analogical reasoning after receiving
feedback is unclear and studies up until now have produced conflicting results (e.g.,
Stevenson et al. 2013a; Stevenson et al. 2013b). In this study the focus is on simple
feedback versus elaborate feedback as these two types of feedback are often contrasted
in the literature and elaborate feedback provides clear advantages for adults. However,
now the specific research question concerns the moderating role of working memory on
their effects.
The role of working memory in feedback processing is difficult to predict. On the
one hand, the elaborate feedback applied in this study uses a tutoring feedback strategy
(e.g., Narciss and Huth 2004; Narciss 2013) that builds up from general to specific hints
that guide the learner to the correct solution with knowledge of response (KR) at each
step along the way. This carefully designed series of graduated prompts aimed to lessen
the cognitive load by providing step-by-step information on the goal of the task, which
features were relevant to achieving this goal and if needed scaffolds to help the child
solve the task (Campione and Brown 1987; Resing and Elliott 2011). Previous studies
support this as diverse populations including children with learning and developmental
disabilities – often accompanied by working memory deficits – appear to benefit from
graduated prompting techniques (e.g., Resing et al. 2012). On the other hand, elaborate
feedback by definition provides more information than simple feedback. This means
that more information (although step-wise, specific and directional) in addition to KR
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must be processed. Given that analogy solving in itself taxes working memory the
processing demand may be too high to provide additional benefit – above that of simple
feedback – for children with limited working memory capacity. Support for this line of
reasoning can be found in the results of Fyfe and Rittle-Johnson (2016) who investi-
gated the moderating role of working memory on feedback in 7–9 year-olds learning
and transfer of mathematics. Their findings indicate that children with greater working
memory benefit similarly from feedback on the strategy the child used or simple
feedback (knowledge of correct response, KCR), whereas children with lower working
memory scores derived the most benefit from KCR. This was tentatively discussed in
terms of cognitive load theory (Sweller 1994), where strategy feedback was considered
more cognitively demanding.
A second source of individual differences this study examined is the role of learner
ability level. Initial analogical reasoning skill appears to be a good predictor of the
effect of different forms of feedback on learning. For example, a previous study on
children’s change in analogical reasoning found that graduated prompts led to greater
performance gains on the whole in comparison to multiple try feedback; in addition,
this form of interactive tutoring feedback was most effective for children who per-
formed poorly on the pretest (Stevenson et al. 2013b). A possible implication is that
providing elaborate rather than simple feedback is not necessarily more beneficial for
advanced learners (e.g., Hanna 1976). However, given the intertwined roles of age and
working memory in learning to solve analogies it is important that an examination of
the role of prior ability on feedback effects controls for differences in age and working
memory scores.
In analogical reasoning, strategy-use is related to ability level. Analogy solution
strategies can generally be categorized into two groups: analogical versus non-analog-
ical. Analogical reasoning strategies are those in which the child integrates information
from each of the elements and relations in the presented problem and imply that the
child understands how to solve the task, although errors may be made (Stevenson et al.
2013a). Non-analogical reasoning strategies are associative solutions, such as duplicat-
ing one of the analogy terms, or idiosyncratic solutions (Siegler and Svetina 2002;
Stevenson et al. 2016). Based on earlier feedback literature of the role of ability level
(e.g., Shute 2008; Hattie and Timperley 2007), learners who already apply analogical
reasoning strategies, i.e. who have automated the correct strategy to solve analogies,
would be expected to benefit regardless of feedback-type. However, children who use
less effective strategies (non-analogical strategies) may require elaborate feedback to
progress (e.g., Clariana 1990; Hanna 1976). In the present study this was examined by
comparing feedback effects on the learning of children who initially used analogical
versus non-analogical reasoning strategies while controlling for age and working
memory differences.
Current Study
Research has revealed that different types of feedback can improve children’s
learning of analogical reasoning in general and certain learner characteristics
(e.g., age, prior ability, learning phase, motivation, working memory) may influ-
ence the degree to which feedback interventions are effective. This research ques-
tions this study addressed were:
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1. Which type of feedback (elaborate using interactive tutoring feedback, simple
multiple try feedback or no feedback) leads to the greatest learning gains in
children?
2. Are feedback effects moderated by working memory capacity – i.e. do children
with different levels of working memory benefit differently from different types
offeedback?
3. Are feedback effects moderated by prior ability determined by initial strategy-use?
To this end a pretest-training-posttest design was employed and children were
trained in analogy solving using either interactive tutoring feedback (a form of elabo-
rate feedback), multiple try feedback (a form of simple feedback, Van der Kleij et al.
2015) or practice without feedback and assessed their ability and working memory
prior to training. Based on the findings discussed above we expected that interactive
tutoring feedback would lead to greater progression in analogical reasoning than
multiple try feedback and that both forms of feedback would be more effective than
no feedback (hypothesis 1). We expected this would be moderated by individual
differences in working memory capacity (hypothesis 2), but did not have prior expec-
tations about the direction of this moderation effect as both the theory and experiment
results are complex and contradictory. Children with initially less effective strategies
were expected to benefit more from feedback, especially interactive tutoring feedback,
in comparison to children who were already capable of applying analogical reasoning
strategies after controlling for the effects of age and working memory (hypothesis 3).
Methods
Participants
Participants were 999 children from five age-groups (kindergarten, first through fourth
grade) recruited from 26 public elementary schools of similar middle class SES in the
south-west of the Netherlands. The sample consisted of 374 boys and 625 girls, with a
mean age of 7 years, 3 months (range 4.9–11.3 years). The schools were selected based
upon their willingness to participate and written informed consent for children’s
participation was obtained from the parents.
Design & Procedure
The data utilized in this study is a combination from six separate studies utilizing a
pretest-intervention-posttest control-group design. 1 In each study the children were
assigned to the interactive tutoring feedback (graduated prompts), multiple-try feedback
or a control condition without feedback by blocking based on their scores on a
cognitive ability reasoning subtest (visual exclusion from the Revised Amsterdam
1 Four of these studies comprise unpublished data collected in 2010–2014 and two studies have been
published (Stevenson et al. 2013a, 2013b). The published studies did not investigate the moderating roles
of working memory or initial strategy-use on the effects of different types of feedback – the research question
this paper focuses on.
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Children’s Intelligence Test (RAKIT, Bleichrodt et al. 1987) or the Standard Progres-
sive Matrices (Raven et al. 1998)). The three intervention conditions presented in this
study are: (1) interactive tutoring feedback, (2) multiple-try feedback, or (3) no
feedback. Four analogy testing and intervention sessions took place weekly and lasted
15–20 min each. The pretest was administered during the first session, the training
sessions took place in the following two sessions, and in the last session the posttest
was administered. Prior to the analogy testing sessions the children were also admin-
istered an age-appropriate verbal memory test (AWMA listening recall, Alloway 2007;
WISC-IV digit span, Wechsler 2003; RAKIT memory span, Bleichrodt et al. 1987). All
participants were tested individually in a quiet room at the child’s school by educational
psychology students trained in the procedure. Each of these studies was approved of by
the Leiden University Psychology Research Ethics Committee.
Analogical Reasoning Assessment
AnimaLogica was used to test and train children in analogical reasoning (Stevenson
2012). The figural analogies (A:B::C:?) comprise of 2 × 2 matrices with familiar
animals as objects (see Fig. 1). The animals changed horizontally or vertically by
color, orientation, size, position, quantity or animal type. The number of transforma-
tions – or object changes – provide an indication of item difficulty (Stevenson et al.
2013b). The children were asked to construct the solution to the analogy using drag &
Fig. 1 Example item from AnimaLogica showing the five solution categories. From left to right the strategies
are correct (i.e., all transformations were solved correctly), partial 5 (where only one of the six transformations
was solved incorrectly, in this case size), partial 4 (where two of the six transformations was incorrect, in this
case size and orientation), duplicate (a copy of one of the other elements in the analogy) and other
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drop functions to place animal figures into the empty box in the lower left or right
quadrant of the matrix. A maximum of two animals were present in each analogy.
These were available in three colors (red, yellow, blue) and two sizes (large, small). The
orientation (facing left or right) could be changed by clicking the animal figure.
Quantity was specified by the number of animal figures placed in the empty box.
Position was specified by location of the figure placed in the box.
The pretest and posttest items were isomorphs in which the items only differ in color
and type of animal, but utilize the exact same transformations to ensure the same
difficulty level (Stevenson et al. 2013b). The number of items differed per age group
(15 items for kindergartners to 24 items for 3rd and 4th graders) and were selected from
a pool of 36 items that were expected, based on pilot studies and item difficulty
analyses, to cover the entire range of abilities in that age-group (−3 to +3 standard
deviations from the mean). At least twelve of the items overlapped with those of the
other age groups so that the different tests could be linked using item response theory
equating procedures and thereby provide reliable pretest and posttest ability estimates
(Embretson and Reise 2000). The internal consistency of each of the test versions was
considered very good with α ≥ .90.
Before each testing or training session two example items were provided with simple
instructions on how to solve the analogies. During the training phase the children
solved 10 items and received feedback (except if in the control condition); the feedback
procedures are described in the next section. During the pretest and posttest items were
administered without feedback.
The children’s pretest and posttest solutions were categorized into five strategies
based on the literature (e.g., Cheshire et al. 2005; Siegler and Svetina 2002) for
analyzing strategy-use: (1) correct analogical solutions as correct answer construction,
(2) partial analogical with five (of six) transformations solved correctly, (3) partial
analogical with four (of six) transformations solved correctly, (4) duplicate non-
analogical solutions were copies of the B or C term, and (5) other non-analogical
solutions (see Fig. 1). A duplication error was always scored as category 4 – even if the
duplicate contained four or five correctly solved transformations.
Feedback Interventions
The interactive tutoring feedback condition received training according to the gradu-
ated prompts method (Campione and Brown 1987; Resing and Elliott 2011), which
consisted of stepwise instructions beginning with general, metacognitive prompts, such
as focusing attention, followed by cognitive hints, emphasizing the transformations and
solution procedure, and ending with step-by-step scaffolds to solve the problem (see
Table 1). The prompts were mostly auditory in nature and accompanied by visual
effects such as highlighting relevant aspects of the problem or images (e.g. a brain
when the tutor said ‘Think.’) to support the explanations (see Figs. 2 and 3). A
maximum of five prompts were administered. The final prompt, scaffolding, always
led to the learner constructing the correct solution. Once the child answered an item
correctly the child was asked to explain his/her answer; no further prompts were
provided and the next item was administered.
The multiple-try feedback condition received auditory and visual feedback on
whether or not the outcome was correct and this was repeated until the item was solved
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correctly or five attempts were made to solve the item. After the fifth incorrect attempt
the correct solution was shown before proceeding to the next item. If a correct solution
was found before five attempts then the next item was administered.
Table 1 Overview of the feedback instructions for the simple repeated feedback condition and the stepwise
elaborate feedback condition
Outcome feedback Graduated prompts
0 Here’s a puzzle with animal pictures. The animals from this box are missing. Can you figure out which
ones belong in the empty box?
1 That’s a nice picture but it’s not the
correct solution. Try again!
Do you remember what to do? Look carefully.
Think hard. Now try to solve the puzzle.
2 Oeps, that’s not the answer.
Give it another try.
This animal picture changes to this one. Here
it should change the same way.
3 Hmm, that’s not it. Try again, perhaps
you can figure it out.
So what changes here (A:B)? Ok remember this
one changes the same way.
4 You are clearly doing your best!
Try one last time.
See, this picture (A) changes to this one (B) because…
5 This animal belongs in the empty box. Which animal do you need? Which color? …Size,
Quantity, Orientation, Position?
Fig. 2 Depiction of visual effects that emphasize cues from the 2nd prompt in the stepwise elaborate feedback
condition to BLook carefully ,^ BThink hard^ and then BTry to solve the puzzle^ (these are not all shown at
once)
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Fig. 3 Visual effects emphasizing prompt 5 where scaffolds are used to solve the puzzle. a: BWhich animal
belongs in the empty box?^. b: BWhat color should it be?^
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The children in the control condition the children received the exact same items
during the training sessions as in the other two conditions but did not receive help or
feedback in solving them. Therefore, the children only practiced solving the items but
were not trained in analogical reasoning.
Statistical Models
Categorizing Initial Ability with Latent Class Analysis
We expected that the children could be classified as different types or subgroups of
analogical reasoners, as reflected by the strategies utilized on the pretest items. For
instance, one subgroup of children may use predominantly non-analogical strategies
such as duplication, while another subgroup of children uses mostly analogical strat-
egies (i.e., correct or partially correct solutions). Latent class analysis (LCA: e.g.,
Goodman 1974), a cluster analysis technique for categorical observed data, was used
to analyze whether such qualitative individual differences were present. In LCA, it is
assumed that there is a categorical latent variable that represents latent (unobserved)
classes or subgroups of children. The basic latent class model is f(y) =
∑Kk¼1P kð Þ∏iP yijkð Þ. Classesrun fromk = 1, . . . , K , and y is a vector containing the
observed data: the solution strategy (five categories) on all pretest-items i. LCA is a
full-information likelihood approach and can adequately deal with missing data caused
by the fact that not all items were administered to all children (missing-by-design). The
parameters estimated in LCA are the class sizes P (k) and the conditional probabilities
P(yi| k). The latter reflect for each latent class k the probabilities of solving item i with
each of the strategies, and serve as the basis for interpreting the classes.
LCAs were carried out with the poLCA package (Linzer and Lewis 2011) available
for the statistical computing program R. The BIC-value (Bayesian Information Criteri-
on), a model fit statistic that penalizes the fit of a model with the number of parameters
estimated, was used to choose howmany latent classes were needed for the current data.
Lower BIC-values represent a better trade-off between model fit and parsimony.
Examining Learning over Time with Explanatory Item Response Models
Disentangling the complex changes in ability over time on an individual basis requires
complex statistical models. For example, using raw gain scores (posttest minus pretest
score) to measure change can lead measurement errors due to the unreliability of the gain
score, the regression effect of repeated administration and that the scale units for change do
not share constant meaning for test takers with different pretest scores (Embretson and
Reise 2000). These problems are potentially solved by placing ability scores for pretest and
posttest on a joint interval measurement scale using logistic models such as those employed
in item response theory (IRT, Embretson and Reise 2000). In the Rasch model, one of the
most simple IRT models, the chance that an item is solved correctly depends on the
difference between the latent ability of the learner and the difficulty of the presented item
or problem. The Rasch-based gain score provides a good basis for the latent scaling of
learning and change because the gain score has the same meaning in terms of log odds (i.e.
the logarithm of probability of correct vs. incorrect) across the entire measurement scale
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(Embretson and Reise 2000). Therefore, this study applied IRT models to answer the
research questions concerning the role of diverse factors in feedback effects on children’s
change in analogical reasoning.
Each of the hypotheses about the children’s performance and change was investi-
gated using model comparison. First a reference model was created and then predictors
were added successively to so that the fit of the new model could be compared to the
previous (nested) model using a likelihood ratio (LR) test, which assesses change in
goodness of fit. The models were estimated using the lme4 package for R (Bates et al.
2014) as described by (De Boeck et al. 2011).
Reference Model The initial reference model was a simple IRT model with random
intercepts for both persons and items (pretest and posttest) where the probability of a
correct response of person p on item i is expressed as shown in Eq. 1.





  where θp∼N 0;σθ2ð Þ and βi∼N 0;σβ2ð Þ ð1Þ
Modeling Learning and Change This study employs repeated testing. In order to
account for this effect a session parameter was added to the reference model to
represent average change from pretest to posttest. However, this model assumes the
effect of retesting to be equal for all children. In order to allow for individual
differences in improvement from pretest to posttest a random parameter that allows
for the session effect to vary over persons was added. In this model, Embretson’s
Multidimensional Rasch Model for Learning and Change, the chance that an item is
solved correctly (Ppi) also depends on the difference between the examinee’s latent
ability (θp) and the item difficulty (βi) (Embretson and Reise 2000). Yet, the ability is
built up in a summation term for the testing occasions m to M, which indicates which
abilities (θpm) must be included for person p on occasion m.






1þ exp ∑Mm θpm−βi
  where θpm∼N 0;σθ2ð Þ and βi∼N 0;σβ2ð Þ ð2Þ
The initial ability factor, θp1, refers to the first measurement occasion (i.e. pretest)
and the so-called modifiabilities (θpm with m > 1) represents the change from one
occasion to the next. In the present model examining pretest to posttest change M = 2
and the modifiability θp2 refers to performance change from pretest to posttest.
Modeling Sources of Individual Differences in Learning and Change The formula
in Eq. 2 can be extended by including other item or person predictor variables and
evaluating their effects on the latent scale (De Boeck and Wilson 2004). Person
predictors now include not only initial ability and modifiability, but also factors such
as age and working memory scores (Z-scores with M = 0, SD = 1) and are denoted as
pmj (j = 1,…,J) and have regression parameters ζj. These predictors were successively
entered into the null model (see Eq. 1) as follows, with indices i for items, p for persons,
j for the person covariate used as a predictor variable.
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Descriptive statistics of the three feedback conditions are shown in Table 2. The
children in the three training conditions differed in average age (F(2, 996) = 37.91,
p < .001, partial η2 = .07), but not in average working memory capacity (F(2,
735) = 2.26, p = .11, partial η2 = .01). Age and working memory were not correlated
(r = .004, p = .91).
LCA
We estimated models with 2 and 3 latent classes; the BIC-values were 10,310.9 and
10,311.2 for the 2-class and 3-class models respectively. Based on these BICs we chose
to interpret the model with two latent classes or subgroups of children.
Figure 4 shows the conditional probabilities, i.e., for each class the probabilities of
using each of the five solution strategies (separate lines) on each of the 24 pretest-items
(horizontal axis; ordered with respect to difficulty level/number of transformations).
The first class contains 50.7% of the children. Their strategy choice profile is charac-
terized by a large tendency to use a correct AR-strategy on the easier items up to four
transformations, and to use either the correct AR-strategy or one of the two partially
correct AR-strategies on the more difficult items. Apparently, these children grasp the
Table 2 Descriptive statistics by feedback condition
Feedback condition
Tutoring Multiple Try Control Total
N = 427 N = 201 N = 371 N = 999
M (SD) M (SD) M (SD) M (SD)
Pretesta .24 (.22) .31(.26) .24(.21) .25 (.23)
Posttesta .48 (.25) .47(.27) .31(.25) .41 (.27)




Ageb 7.17 (1.40) 8.02 (1.52) 6.90 (1.56) 7.25 (1.54)
Memoryc -0.04 (1.00) -0.13 (0.98) 0.06 (0.99) 0.00 (0.99)
Analogical / Non-analogical reasoners (N) 211 / 216 107 / 94 190 / 181 508 /491
a proportion correct
b in years
c test-specific standard scores were converted to z-scores (M = 0, SD = 1); data available for 738 participants
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principles of analogical reasoning, but when the items involve more transformations
they experience difficulty incorporating them all in their solution. Nevertheless, they
appear to have substantial knowledge of analogical reasoning and are therefore labeled
‘analogical reasoners’.
The second class (49.3%) consists of children who tend to use duplication on easier
items and duplication or ‘other’ strategies on the more difficult ones. This group has a
very low probability of applying correct or partially correct strategies except for the first
item. These children appear to have rather limited knowledge of analogical reasoning
and were labeled ‘non-analogical reasoners’.
Explanatory IRT
The models described in Examining Learning over Time with Explanatory Item
Response Models Section were estimated successively; Table 3 displays the outcomes
Fig. 4 Depiction of strategy distribution within the two latent class profiles based on pretest strategy-use:
analogical reasoners (top) and non-analogical reasoners (bottom). Analogical reasoners typically apply correct
strategies to easier items and partial strategies to more difficult items. Non-analogical reasoners generally
apply duplication or other strategies to all but the easiest items
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of each IRT model building step. The left-most column is the name of the new model.
The nested model, i.e. the model to which covariates have been added, is listed in the
next column. The next three columns describe which fixed or random effects were
added and tested. The model fit indices - AIC and BIC - are displayed in the next
columns; for each of the fit indices smaller numbers indicate a better fitting model. The
right-most columns contain the values and results of likelihood ratio tests; if these are
significant then adding the covariate (s) improved model fit.
Reference Model
M0a represents the reference model and fixed or random effects were added in each
successive modeling step. At this step (M0b) we added an item difficulty parameter, i.e.
the number of transformations in the analogy, to allow us to control for differential
effects of item difficulty (items were tailored to age); furthermore, age was added as a
covariate to control for age differences between conditions (M0c). As can be seen in
Table 3 both covariates improved model fit.
Modeling Learning and Change
Given the significant improvement in model fit from M0c to M1 we could statistically
infer that there was a main effect for the feedback sessions. Furthermore, the inclusion
of individual regression lines for performance change from the pretest to posttest was
deemed warranted given the improved model fit from M1 to M2, i.e. children differed
in how much they improved in analogical reasoning from pretest to posttest.
Research Question 1: Tutoring > Multiple Try > no Feedback
Hypothesis 1 was tested by adding the main and interaction effects of feedback
condition to the previous model. The significant model comparison result from M0e
to M1 showed us that the different types of feedback had different Bchange^ slopes, i.e.
some types of feedback were better at improving analogical reasoning in the children
than others. As we can see in Figs. 5 and 6, and in the values reported in Table 4,
hypothesis 1 was confirmed: interactive tutoring feedback (ITF) led to greater progres-
sion in analogy solving than multiple try feedback (MTF) and multiple try feedback
was more effective than no feedback (NF).
A more specific description of the M1 now follows; there were random intercepts for
persons (SDability = 1.38, SDmodifiability = 1.23, r = −.42), items (SD = .85) and schools
(SD = .53). Table 4 reports the estimates of the fixed effects. The effect of the item
difficulty (number of transformations in analogy item) was significant (z = −7.31,
p < .001) and indicates that the more transformations an item contains the less likely the
participants could solve that item; an increase of 1 transformation lead to .54 decrease
in the odds of solving an item correctly. The effect of age was also significant (z = 9.31,
p < .001) and indicates that older children were more likely to solve an item correctly;
more specifically, an increase of 1 standard deviation in age leads to 2.31 times increase
in the odds of solving an item correctly.
Children in the three conditions did not differ in pretest performance (ITF vs MTF:
z = 0.26, p = .79; MTF vs NF: z = 0.20, p = .84). Children generally performed better
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on the posttest than the pretest (z = 11.94, p < .001), with 3.75 greater odds of solving
analogies correctly on the posttest. Finally, and most importantly, ITF was more
effective than MTF (z = 3.39, p < .001), where children trained with ITF had 1.57
greater odds of solving a posttest item correctly than children in the MTF group. NF
was less effective than MTF (z = −5.41, p < .001) where children in the MTF group had
2.11 greater odds of solving a posttest item correctly than children in the NF group.
Fig. 5 Model M2 fixed effects depicting the moderating role of working memory (WM) on the effect
feedback on children’s improvement in analogical reasoning. The probability of solving items correct are
shown for children with low (−1.5 SD) and high (+1.5 SD) WM for each of the feedback conditions: tutoring
feedback, multiple try feedback or no feedback. Children with higher WM scores had greater learning gains in
the tutoring feedback and no feedback conditions, whereas WM did not interact with learning gains in the
multiple try feedback condition
Fig. 6 Model M3 fixed effects showing the effect of strategy-group (analogical versus non-analogical
reasoners). Here we see that analogical reasoners initially perform better on the items; however, non-
analogical reasoners improve more from pretest to posttest. In both strategy-groups tutoring feedback leads
to greater gains than multiple try feedback or no feedback
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Research Question 2: Moderating Role of Working Memory
The effect of working memory on children’s progression after receiving feedback was
examined with model M2. Given the significant improvement in model fit from M1 to
M2 we could statistically infer that children with lower working memory scores benefit-
ted differently from the different forms of feedback than children with higher working
memory scores. Hypothesis 2, that working memory scores would moderated the
interaction between analogy progression and feedback condition, was confirmed. The
result of M2 and the direction of this moderation effect is now explained in more detail.
In M2 random intercepts were present for persons (SDability = 1.32,
SDmodifiability = 1.31, r = −.54), items (SD = .78) and schools (SD = .45). Table 4
reports the estimates of the fixed effects. Working memory (WM) capacity was related
to initial ability (z = 4.87, p < .001), where an increase of 1 standard deviation in the
working memory score lead to a 1.71 increase in the odds of solving an item correctly
at pretest.
WM scores interacted with feedback condition, indicating that the mean pretest
scores of children with the same level of WM differed across feedback conditions; this
was lower in the ITF and NF conditions compared to those of the MTF condition (NF:
z = −2.81, p < .01; ITF: z = −2.90, p < .01).
As expected, there was a significant three-way interaction between working memory
scores, feedback condition and pretest-to-posttest progression. Higher working memory
scores were (marginally) related to larger performance gains from pretest to posttest for
the ITF and the NF conditions (ITF condition: z = 1.95, p = .051, 1.34 odds increase per
+1SD; NF condition: z = 2.45, p < .05, 1.47 odds increase per +1SD). The effect of
feedback did not differ for different levels of working memory in the MTF condition:
z = −.64, p = .52.
The results are visualized in Fig. 5 which depicts pretest to posttest progres-
sion for each condition by two levels of WM scores (WM fixed at +1.5 SD
and −1.5 SD). The findings indicate that the greater a learner’s working
memory the better chance of success s/he has of correctly solving posttest
items after training with NF of ITF. WM task performance did not interact
with the effect of MTF.
Research Question 3: Moderating Role of Initial Strategy-Use
The difference in performance change from pretest to posttest between the two strategy-
groups was added to M1 to form M3. With M3 we examined whether non-analogical
reasoners would benefit more from elaborate feedback compared to analogical rea-
soners after controlling for age and working memory score (hypothesis 3).
In M3 random intercepts were present for persons (SDability = 0.89,
SDmodifiability = 1.18, r = −.43), items (SD = .77) and schools (SD = .38). Table 4
reports the estimates of the fixed effects and these are depicted in Fig. 6. There was a
difference in pretest performance for non-analogical reasoners between feedback con-
ditions; the children in the NF condition had lower scores than children in the MTF
condition on the pretest (z = −4.14, p < .001; .33 lower odds). These initial differences
were accounted for in the model and no further pretest performance differences
between conditions were apparent.
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Analogical reasoners were 21.55 times more likely to solve pretest items correctly
than non-analogical reasoners for each of the feedback conditions (z = 16.20, p < .001).
The impact of feedback condition on posttest performance depended on the level of
analogical reasoning strategy-use. Non-analogical reasoners had greater learning gains,
i.e. improvement from pretest to posttest, than analogical reasoners in the MTF
condition (z = −4.95, p < .001, .33 lower odds). More specifically, if we compare a
non-analogical reasoner to an analogical reasoner with the same age and WM score
then the non-analogical reasoner has approximately 3 times greater odds of solving an
item correctly after training with MTF. The difference in magnitude of the feedback
effect for non-analogical versus analogical reasoners for the NF condition did not differ
significantly from that of the MTF condition (z = 1.40, p = .16); however, for the ITF
condition there was a marginally steeper slope for non-analogical versus analogical
reasoners compared to the MTF condition (z = −1.88, p = .06). This is shown in Fig. 7
where the non-analogical reasoners improve more from pretest to posttest than analog-
ical reasoners.2 We can also see that ITF was the most effective feedback form for both
non-analogical and analogical reasoners, followed by the MTF condition and then the
NF condition; these findings corroborate hypothesis 3.
Discussion
This aim of this paper was to investigate whether children’s initial strategies or working
memory capacity influenced their learning gains in analogical reasoning after receiving
interactive tutoring feedback, multiple try feedback or practice without feedback. The
discussion is ordered along the lines of three main findings: (1) interactive tutoring
feedback was the most effective intervention; (2) working memory scores moderated
feedback effects, where children with higher working memory scores derived the most
benefit from interactive tutoring feedback and practice, but benefit from multiple try
feedback was unrelated to working memory; (3) feedback effects were influenced by
ability level, where children who initially applied non-analogical reasoning strategies
improved more than children who used analogical reasoning strategies – especially in
the interactive tutoring feedback condition.
Interactive Tutoring Feedback Is more Effective than Multiple Try Feedback
In line with previous findings with adults (e.g., Van der Kleij et al. 2015) and with
children (e.g., Cheshire et al. 2005) both simple and elaborate feedback led to greater
learning gains than practice without feedback. Furthermore, this study provides evi-
dence that elaborate feedback using a tutoring strategy is more beneficial than simple
multiple try feedback for primary school children. Recent reviews and meta-analyses
have clearly shown that adults learn more after receiving elaborate feedback than
simple feedback such as knowledge of (correct) response (e.g., Van der Kleij et al.
2015). However, children appear to process negative versus positive feedback differ-
ently from adults (Eppinger et al. 2009); for example, adults and 11–13 year-olds
2 By using the IRT logit-based scale with a large range in item difficulty, we were able to rule out that this was
caused by ceiling effects.
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learned more quickly from negative than positive feedback, whereas 8–9 year olds
learned most from positive feedback (Van Duijvenvoorde et al. 2008). Multiple try and
interactive tutoring feedback incorporate both negative and positive feedback compo-
nents, the combination of which has yielded mixed results in children (Barringer and
Gholson 1979). It is possible that providing a different kind of simple feedback - e.g.,
only showing the correct response - would be even more effective for children and this
should be examined in future studies.
Possible reasons that elaborate feedback, such as tutoring, is most helpful, also in
children, may be that it increases motivation (e.g., Narciss and Huth 2006), leads to
better goal-direction, and lowers the cognitive load of the task (Shute 2008). However,
each of these possible advantages needs to be tested more thoroughly with young
children. Children differ from adults in reward processing; children’s intrinsic motiva-
tion does not benefit from verbal rewards (e.g., praise), whereas that of adults increases
(Deci et al. 1999) - therefore the mechanism behind the effectiveness of elaborate
feedback may differ for children. Furthermore, learner characteristics such as working
memory and ability level should be taken into account with regard to cognitive load as
discussed in the following.
Working Memory Moderates Feedback Effects
Recent research indicates that analogical reasoning skills are closely linked to working
memory and executive functions (Richland and Burchinal 2013; Thibaut et al. 2010;
Thibaut and French 2016). Therefore we expected a positive relationship between
working memory scores and analogy performance. However, the role of working
memory in children’s analogical reasoning progression after receiving varied forms
of training has produced contradictory results (Stevenson et al. 2013a; Stevenson et al.
2013b). Aside from differences in type of feedback there were also differences in age
groups between earlier studies; furthermore, statistical power may have been a source
of the conflicting results. In this study we were able to investigate this more thoroughly
using a large sample size with a broad age range.
As with Fyfe et al. (2015), our findings indicate an interesting interaction between
workingmemory capacity and the effect of feedback on performance gains. The higher a
child’s working memory score the greater gains made in analogy solving after receiving
interactive tutoring feedback. This was also the case with the practice only group (i.e., no
feedback condition). However, working memory was not related to gain after training
with multiple try feedback. From the perspective of the ‘Matthew effect’ we might
expect that the most capable students gain most from each form of training (Walberg and
Tsai 1983) – this is indeed a common finding in research investigating children’s benefit
from feedback (e.g., Wardlow and Heyman 2016). On the other hand, the right feedback
could perhaps reduce cognitive load and the effect of (limited) working memory on
performance (e.g., Adam and Vogel 2016; Resing et al. 2017). This was not the case for
the interactive tutoring feedback provided in this study and could perhaps be best
explained by feedback complexity (e.g., Kulhavy et al. 1985), which included a self-
explanation step at the end of the prompting sequence. Self-explanation on its own leads
to improved performance and likely deeper learning in the context of analogical
reasoning (Cheshire et al. 2005; Siegler and Svetina 2002). However, interactive
tutoring feedback without self-explanation has led to greater learning gains in the math
Int J Artif Intell Educ
domain than multiple try feedback (Narciss and Huth 2006). In our case, learning gains
from multiple try feedback was not linked to working memory capacity, therefore our
results are puzzling because it leads to the conclusion that tutoring feedback plus self-
explanation does not provide enough additional support beyond that of multiple try
feedback for children with lower workingmemory scores. Perhaps immediately eliciting
self-explanations overloads the system – at least for children with below average
working memory. Future research could perhaps best disentangle the interactions
between task complexity, feedback type (with and without self-explanation) and work-
ing memory in an experimental design in which performance and change are examined
on a trial-by-trial basis where item difficulty can be manipulated to tax the executive
system in varying degrees during feedback interventions.
Ability Level Based on Strategy-Use Profile Moderates Feedback Effects
Initial strategy-use was used as an indicator of analogical reasoning skills and using
latent class analysis children were categorized as non-analogical or analogical rea-
soners. Both groups benefitted relatively more from tutoring feedback than multiple try
feedback and the least from practice alone. However, non-analogical reasoners (after
accounting for differences in age and working memory) benefitted far more from each
type of feedback than analogical reasoners – children who generally solved analogies
correctly or only made processing mistakes (e.g., picked the wrong color or orientation,
but otherwise solved the task correctly). These findings are largely in line with previous
finding with children (Narciss and Huth 2006) and theoretical models of feedback
effects based on a long line of research concerning the role of prior knowledge and
abilities (e.g., Bangert-Drowns et al. 1991; Mason and Bruning 2001), where lower
ability learners benefit most from immediately receiving the correct response and also
elaboration in the form of concrete and directive scaffolds or hints (Shute 2008). In this
study analogical reasoners, i.e. higher ability students, also benefitted relatively more
from elaborate (tutoring) feedback than simple (multiple-try) feedback, whereas earlier
studies did not always find a difference (e.g., Clariana 1990; Hanna 1976). However,
this may be because the present study focused on children, whose executive functions
and analogical reasoning skills are still developing (Thibaut and French 2016).
The strategy-profiles appear to be a good way to identify which children have little
understanding of the task at pretest and interactive tutoring feedback in the form of
graduated prompts clearly Btaught^ the children how to solve analogies. As such
graduated prompts may be an especially useful elaborate feedback procedure in digital
learning environments to help children with low initial ability and little understanding
of the task perform successfully.
Methodological Implications
Aunique component of this studywas that we utilized an item response theory (IRT)model
based on Embretson’s Multidimensional Rasch Model for Learning and Change and
extended this with multilevel (Pastor 2003) and explanatory (c.f. De Boeck and Wilson
2004) components. The results are likely similar to those using a combination of classical
test theory sum scores and standard linear regression techniques. However, the application
of multilevel IRT provided three advantages that would not have been possible with other
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techniques. First, the classically measured gain score (posttest correct minus pretest correct)
is unreliable and can lead to spurious findings, but IRT change scores are not
(e.g., Embretson and Reise 2000) and using these allowed for reliable estimates
of learning from feedback. Second, the dataset we used was a combination of
smaller experiments with slightly different item sets due to age differences
among the participants. With IRT these datasets could be linked (equated) to
ensure that the latent trait measured was placed on the same scale for each of
the datasets at both pretest and posttest (Embretson and Reise 2000). Third, it
was possible to account for random school and experiment differences by
including an additional level in the implemented hierarchical model.
Limitations
A few limitations deserve mention when drawing conclusions about the role of
feedback on children’s change in analogical reasoning based on these results.
First, two possible confounders may have led to the reported advantages of
tutoring feedback. The first confounder is that the interactive tutoring feedback
also incorporated a self-explanation step. Self-explanation in itself is an effec-
tive training tool (Roy and Chi 2005). Cheshire et al. (2005) concluded in their
study disentangling the effects of feedback and self-explanation that feedback
was essential in improving children’s analogical reasoning; however, as men-
tioned above, the combination of tutoring feedback and self-explanation may be
relatively more taxing for children than only tutoring feedback and have
diminished how effective this elaborate form of feedback is for children. The
second confounder is time-on-task, which was not accounted for in the analy-
ses. The children who received tutoring feedback inevitably spent more time
working on the analogies than the children in the multiple try condition and
this was also greater than the time spent on task by the children in the no
feedback group. Furthermore, time-on-task was related to how many errors a
child made in analogy solving as feedback was only given after incorrect trials.
It is possible that time-on-task can partly explain the differences in feedback
effects. However, these differences were a matter of minutes as the children
were trained on only ten items spread over two sessions, so time-on-task is
unlikely the main cause of differences in feedback effectiveness.
Second, the training the children received was of low intensity with two training
sessions; perhaps the results would differ if children were trained for more sessions. A
study with four or more measurement moments would reveal more fine-grained
information on how feedback affects children’s change in figural analogy solving.
Third, the current study does not provide information about transfer (e.g., Stevenson
et al. 2013a) or long-term effects of the training. Including transfer tasks, such as
inductive reasoning seriation, at posttest and retesting after a three month period would
provide additional information on the effects of the different feedback paradigms,
which might be especially informative for educational purposes. Fourth, motivation
effects were not assessed; however, motivation plays an important role in training
effectiveness and should form part of the evaluation of different feedback interventions
(e.g., Narciss 2013). Finally, including additional school and child characteristics (e.g.,
school quality, SES) would improve the generalizability of these results.
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Conclusion and Future Directions
The main conclusion is that interactive tutoring feedback, an elaborate form of feed-
back presently implemented using graduated prompting techniques, appears to be the
advisable form of feedback in advancing children’s analogical reasoning. However,
how effective elaboration is clearly depends on the learner characteristics assessed in
this study: working memory and ability based on strategy-use profile. The most
important exception was that children with lower working memory scores benefitted
similarly from multiple try feedback and interactive tutoring feedback.
Given the great potential of digital learning environments to provide feedback tailored
to an individual’s instructional needs an important task is to determine which factors affect
feedback processing and how these interact with other learner characteristics so that we
can optimize feedback provision and thus learning. On the one hand, (meta-analyses of)
randomized pretest-training-posttest control experiments that contrast effects of different
types of feedback and explore sources of individual differences herein provide essential
information on which factors could be used to optimize feedback. However, investigating
the effects of specific feedback prompts on a trial-by-trial basis (e.g., Goldin et al. 2012;
Narciss et al. 2014a) and how these interact with learner characteristics (e.g., working
memory) and task performance (e.g., strategy-use) using item response theory models is a
promising next step towards refining guidelines to provide optimal feedback in digital
learning environments. This study contributes to the growing literature on how to provide
personalized feedback, i.e. feedback that adapts to the learner’s instructional-needs.
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